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1 - Task of the subjecl'

1.1 - Radar echoes

Environment,

Gaussian thermal noise

target

Ground clutter Ground clutter / Thermal noise
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How to free itself from these echoes to detect the signal cong from the target ?




1 - Task of the subjecl'

1.2 - Equation setting

o Environment returns : Random signals from the clutter

Hy:y=Dhb = p(y/Ho) = pn(y) —  False Alarm (Py,) if H; au lieu deH,

o Target returns . Deterministic or random signals

Hi:y=b+s = »p{y/Hy)=pply—5 — Detection (P;) whenH; is checked

o Detection aim : To build a detection test

. Hy
forafixed Pg =P(D(y) > 1)
such as H,
Pa=P(D(y) > n) beoptimal

Identify the clutter statistics to build D(y)




1 - Task of the subjecl'

1.3 - State of the art of the detection against non-Gaussiameironment

© Non-coherent detection CFAR Optimization of the matched filtej\fatt85, Gand88, Rifk94, Shni9dp]
= Non robust, non optimal

© Coherent detection([Fari85]) : Modelization with non-Gaussian complex preses (like SIRP)
[Yao73, Gold76, Cont87, Rang91, Rang93, Rang95, Barn96]

= Adequacy to experimental ground and sea cluf®u(70, Cont87, Bill93; - -]),
= Optimum detectors known in closed forni€¢nt87, Fari87, Cont91, Gini98, Sang99;]),
=- Detection performances improved if compared with thoséefhatched filter

=- An A priori hypothesis is required to estimate the statistics paramets
= Detectors optimality is checked only for the designed stadtics

Thesis Aim
To derive optimal coherent SIRP detectors, adaptive to themvironment




2 - Non-Gaussian environment characterizatio[I

Many known non-Gaussian laws belong to the SIRV family

SIRV Nature Optimum Detector

Gaussian OGD - Optimum Gaussian Detector
K-distributed OKD - Optimum K Detector
Cauchy, Student-t OCD, OStD - Optimum Cauchy, Student-t Detectt

Weibull OWD - Optimum Weibull Detector




2 - Non-Gaussian environment characterizatio[I

Many known non-Gaussian laws belong to the SIRV family

Texturelaw SIRV Nature Optimum Detector

Dirac in 1 Gaussian OGD - Optimum Gaussian Detector
Gamma K-distributed OKD - Optimum K Detector
Inverse Gamma Cauchy, Student-t OCD, OStD - Optimum Cauchy, Student-t Detectq
Weibull
? Weibull OWD - Optimum Weibull Detector

How to characterize the environment statistics
directly from the received data ?




2 - Non-Gaussian environment characterizatio[I

2.1 - SIRV : Spherically Invariant Random Vector

o The K. Yao's representation theorem, [Yao73}

Y = X\/T 4

( y SIRV orm-complexcompound Gaussiavector
7 Textureof the SIRV, positive r.v. with pdp(7)

X Speckleof the SIRV, stat. indepdt of the texturex ~ CN(0,,,2 M)

\

ply) = / " p(x/r) p(r) dr

Known

Texturepdf characterizethe SIRV statistics




2 - Non-Gaussian environment characterizatio[I

2.2 - SIRV : Properties

¢ Radial coherent characteristic function : Spherically invariant :

2

Y, Yo :  Statistically independant

Y. Yo/T N(0,,, M)
arg(yr,Yo) :  Uniformely distributed on |-, +7]

p(y) h(ytM~y)
{3

SIRV:Yy =Y, +5Yg

) = [, )@Y dy = g(uimu)

¢ Invariance under linear transformation : Ay + b is also a SIRV, with the same texture pdf than




2 - Non-Gaussian environment characterizatio[I

2.2 - SIRV : Properties

¢ Radial coherent characteristic function : Spherically invariant :

2

Y, Yo :  Statistically independant

Y. Yo/T N(0,,, M)
arg(yr,Yo) :  Uniformely distributed on |-, +7]

p(y) h(ytM~y)
{3

SIRV:Yy =Y, +5Yg

) = [, )@Y dy = g(uimu)

¢ Invariance under linear transformation : Ay + b is also a SIRV, with the same texture pdf than

Proposed solution : Bayesian Approach




2 - Non-Gaussian environment characterizatio[I

2.3 - A posterioripdf of the texture

known unknown

~ =

> Bayes' rule: p(r/y) = p(y/7) )p(T) _ py/7)p(7)

+oo
2 [yt

unknown

o Learning with N reference SIRV[ry, - - - ,ry]* : Jeffrey’s Non-informative Prior choosen forr

known known

—_——
p(ri/7) g(7) p(rs/7)g(7) _10(m 2
) dT i

p(r/r) = LGOI
p(rs) [ ormae

known

Need to estimate thespecklecorrelation matrix




2 - Non-Gaussian environment characterizatio[I

2.4 - Normalized Structured Covariance Matrix (NSCM)
estimation of thespeckle

o From the N reference vectors of sizen, [r1, - ,ry]*:

M, =E(rr’) = E(rxx") = E(r)M, = 2E(7)M

Estimation : statistically independent of thetexturepdf

[Gini99, Gini00b, Gini00C]




2 - Non-Gaussian environment characterizatior'

2.5 -Texturepdf estimation

M
o With a Padé approximation : p(r) = Z Ay e kT
k=1

) Texturer.v. resamplingaccording to its instantaneoagosterioripdf : 7>, ~ p(7/r;)

i) Moments estimation i, = N~' ) "7
1=1

i) Computation of thelM Padé coefficient§a; } et{\x} from the estimated moments

o With a Monte-Carlo Bayesian estimator :

pr) = [ p(r/O)p(0yar NS 1=y e
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Two new detection strategies come from these propositions
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2 - Non-Gaussian environment characterizatio[I

2.5 -Texturepdf estimation

M
o With a Padé approximation : p(r) = Z Ay e kT
k=1

) Texturer.v. resamplincaccording to its instantaneoagosterioripdf : 7> ; ~ p(7/r;)
N
i) Moments estimation fi,, = N™* ) " 7"

1=1

i) Computation of thelM Padé coefficient§ay } et{ i} from the estimated moments

o With a Monte-Carlo Bayesian estimator :

N

pr) = [, o /Dp()dr = (/)

1=1

Two new detection strategies come from these propositions




3 - Optimum detection strategies derivatio:'

3.1 - Coherent detection theory applied to SIRV

o Each observationy, is aSIRV of sizem :

b SIRV :pb(b) :pb(ﬁxlv"' 7\/Fxm)

yobs:CS‘Fb:CS"'X\/; : . .
s = s(A4,6) : Target Signal with amplitude and wherd) = (fy, 7, - )

C =0 = p(yobs /HO) - pb(yobs)

H
¢ Hypothesis
Hl : C: I = p(yobs/Hl) :pb(yobs_s)

To ChooseH, if H; : Non-detection:1 — Py

o Possible errors _
To Choosel; siHy : False Alarm: Py,




3 - Optimum detection strategies derivatio:'

Decision Criterion

¢ Neymann-Pearson criterion : To fix P, and to optimize F,

_ H,
o Optimal decision : The likelihood ratio test :A(y,,,) = PbYops =S/ Ho) Zn

pb(yobs /HO) Hg
o Case where the target amplitude is unknown : The Generalized likelihood ratio

y

A\ o |pTM_1yobs‘2

muv

pfM~'p
/+OO —-m ( q1 (yobs)
T "exp | ————=
0 2 T

400
/ F—m exp (_ qo(yobs)
0 2T

All depend on thetexturepdf of the SIRV




3 - Optimum detection strategies derivatio:'

3.2 - PEOD - Padé Estimated Optimum Detector

o Texturepdf estimated with Padé (from NV references) :

© NSCM Estimation (from N references) :

PEOD ([Jay01])) : (

QO(

e ()T Ky, (\/2 Qg QO(yobs))

~ —1
qo0 (yobs) - yibs M Yobs

~ —1
CPTMy gl

~ 1

P

FA.=q(y) — a1(y)




3.2 - PEOD - Pade Estimated Optimum DetectoI

Relevance of the Padé approximation

From the theoritical moments From the estimated moments
Gamma pdf dog,,(1 — F(x)) K-dist (v = 0.1) - MSE as a function ofV

Gamma pdf (a = 0.15) ] | | ‘Mea‘n Sqqare error
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3.2 - Le PEOD - Pade Estimated Optimum DetectoI

Detection performances sm = 10

Comparison “ideal* PEOD / "non-ideal* PEOD - Py, = 1073
K-dist. M,—01 =9, My—21 =6, M,—90 =3

— PEOD Id
— PEOD Non-Id
— OKD

20 -10
Input SNR (dB)




3 - Optimum detection strategies derivatio:'

3.3 - BORD - Bayesian Optimum Radar Detector

o MC-bayesian estimate ofp(7) :

2

N

1

BORD ([Jay02a,b]) : =
D

1=1

N
~ —1
qo (yobs) — yibs M Yobs Z




3 - Optimum detection strategies derivatio:'

Expected characteristics for a detector

o Detection threshold computation

P, = P ( [ Dy ® n)

¢ If independance with respect to the texture pdf :
CFAR Property (Constant False Alarm Rate) with respect to tre texture pdf
= Independent of the environment statistics

© Adaptability to the environment statistics, Optimality

o Computation of the detection test pdf




3.3 - BORD - Bayesian Optimum Radar Detecto'

Operational characteristics

o Adaptive detector
¢ Keep the CFAR property with respect to thetexturepdf :

10> BORD: Curves obtainedviaMC 10% BORD : Curves obtained via MC

Gaussien
K-dist (v=0.1)
Student-t
Texture Weibull
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“102 | 1 1 102
Threshold Threshold values




3.3 - BORD - Bayesian Optimum Radar Detecto'

Asymptotical behaviour

o Asymptotical means : the numberN of reference data goes tac

M2%M ET  BORD % (q"(yobs))

d1 (yobs)
¢ The "Asymptotic BORD" coincide with ALQ Detector ([Gini97a])

o The "Asymptotic BORD" is CFAR with respect to thetexturepdf :

( F.Q.Gauss\ "

qo ( obs )
q1 ( Xobs )
\ Gauss

"Asymptotic BORD" equivalent to




The "Asymptotic BORD" I

Pdf of "Asymptotic BORD"

¢ The "Asymptotic BORD" depends only on thespeckleof the observations (complex Gaussian vectors)

"Asymptotic BORD" pdf Validation of n from simulations
As. BORD : MC / Theoritical Threshold

e The "Asymptotic BORD" test is equivalent to :

Gaussien

C N : S K-dist (v =0.1)
2 Student-t

’pT M -1 Xobs‘ H; W —1 al N Texture Weibull

> SR S S Theoritic
< SR s S

(PTM 71 P) (X[ M ™" Xops) Ho ¥/

e Cochran’s theorem (if M non singular) :

n="Pp

10!

Threshold values




3.3 - BORD - Bayesian Optimum Radar Detecto'

Detection performances -m = 10 - p; ~ 0.1

Comparison with OStD - Py, = 1073 Comparison “ideal" PEOD - P, = 1073

Student-ty = 1.03 etv = 2.3 - Ny.s = 500 Env. whosetextureis Weibull (b = 0.3,0.658,1.763, 2.6
BORD / OSD : Student-t environments _ BORD / PEOD : SIRV whose texture is Weibu

s

1

oo BORD b=0.3
- BORD b=0.658
_ BORD = 1.763
— OStD (v =1.03) BORD b=2.6
__ BORD (v =1.03) . PEOD b=0.3
__.. OStD(v=23) ; PEOD b = 0.658
-~ - - BORD (v=2.3) : & ' - : PEOD b=1.763
PEOD b=2.6




4 - The BORD, applied to experimental datﬂ

Data description

Pulse 2 Pulse 3 Pulse 4
Data given by Thalés TAD I TR T

e Ground clutter (low grazing
angle)

. 70 aZimut ‘I‘l. L il “‘I | ‘..‘H. “ “‘\u\“ i I
200 600 867 200 600 867 200 600 867 200 600 867

¢ 868 range cells of 60 m. Pulse 5 Pulse 6 Pulse 7 Pulse 8
BAARNAAR 0" e TR ™" 1 LITRRAL "™ P """ e

¢ 8 pulses transmitted

e Radioelectric horizon
to ~ 15 kms (~ rc 250)
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4 - The BORD, applied to experimental datﬂ

Data Amplitudes

Thermal noise Clutter
2865 data amplitude : Clutter

3519 data amplitude : thermal noise

R.c.: 568 to 774
0 Azimuts : 22 to 38

R.c.: 22 to 212
Azimuts :18 to 32

500 1500 2000 2500 3000 3500 ) 500 1000 1500 2000
Range cells - Zone 4 Range cells - Zone 5




4 - The BORD, applied to experimental datﬂ

Data phases between | and Q components : Assumption unifornedistributed : verified

Thermal noise zone
8 x 1617 phases

Clutter zone
8 x 1441 phases

Histogram : Phases between | / Q components

Histogram : Phases between | / Q components

Thermal noise - Zone 4

-2 -1 0 1
Values between -pi and + pi

Clutter - Zone 5

-2 -1 0 1
Values between -pi and +pi




4 - The BORD, applied to experimental datﬂ

Data Correlation

Thermal noise : p; = 0.0855 Clutter : p; = 0.96887
Cond(M) = 2.1578 Cond(M) = 978.44

Matrix well conditioned Matrix bad conditioned

NSCM estimate : thermal noise Auto-correlation coefficients : Zone 4 NSCM estimate : clutter 1 Auto-correlation coefficients : Zone 5

1 T T T T T T 1
X 0.9} 4 0.9+
! o8l i ! 08l

71 i 07- :
: o7 p,=0.085501

0.6/ Q 4 : 0.6 :
: 05 sl ‘ p, = 0.96887
} 0.4L : - . 4 ’ 0.4}
' 03l i 03k
’ 0.2} B 0.2}
- o0l < : 01l k
. 0 | | | i | | 0 | | | i
ndices : frol 0 M-

0 085501 Cond 2. 1578 ndices : from 0 to m- 0 96887 COI'Id 978 44




4 - The BORD, applied to experimental datﬂ

Comparison with K-distribution

Thermal noise (Zone 4) Clutter (Zone 5)

Histogram / Padé (M = 4 ou M = 5) Histogram / Padé (M = 5 ou M = 6)
Estimated pdf | | | Estimqted pdf |

—  Hist “ ——— Hist
K (v = 95.1979) ] 9r | K (v=0.16719)
——— Padé (M =4) i N ———  Padé (M =5)

Occurence
Occurence

o
IS
T




4 - The BORD, applied to experimental datﬂ

Detection performances

Thermal noise : Zone 4 Clutter: Zone 5
OKD, BORD, OGD and BORD-As. : Thermal noise

OKD, BORD, OGD and BORD As : Clutter

m=8
| Nobs = 3296

| Estimated v =223 T
Pfa ref = 0.01 m=8

‘ : --Nobs =2660
Estimated v=0.171
. Pfaref=0.01

Zone 4

| Zone 5

- - 1 10 5 0
Input SNR (dB) Input SNR (dB)




5 - Conclusions

Contribution of my thesis : Bayesian approach to characterize SIRV environment

The "ideal" PEOD : Like a"Reference" Detector if the optimum detector is unknown,
The "non-ideal" adaptive PEOD : Robustif a large number of references is available,
The BORD : Adaptive, CFAR [ texturepdf, Optimal, Asymptotically convergent,

The Asymptotic BORD : coincide with ALQ, test pdf identified, directely linked to.M,
Adaptive, CFAR / texturepdf, Theoritical performances, Immediate implementation,

Experimentally : Validation of the SIRV models and of the related detectors.

BORD generalises all the existing SIRV detectors Adaptive to the environment

Work included in the PEA TRA conducted with TAD (Thalés Air De fence)




Outlook.

o Theoritical studies :
e Adaptive empiricaprior,

e Asymptotic BORD pdf : case where the matrix is singular, andWishart)
Presentiment : expression dependent on the matrix rank

o Numerical studies :

e Use of numerical methods for the regularisation of the aavae matrix, in order to reach lower values
Py, (Importance sampling, weighted sampling),

© Experimental studies :

e Extension of the work to sea clutter, to sea/ground trassito fluctuating targets, to SAR imaging for
segmentation / classification of ground zones...

e Implementation of BORD and Asymptotic BORD using a small twemof references (like CFAR using
small windows).




